Abstract: Cities undergoing rapid urbanization are characterized by quick successions of spatiotemporal patterns, meaning that traditional methods cannot adequately assess carbon emissions from urban residential areas, which prevents the study of spatial mismatch. Therefore, this study utilizes night-time lights to construct a spatial emissions model that enables the analysis of the evolution of emissions patterns in China. The results indicate that, compared to the traditional method, the spatial modeling based on night-time lights reflects the spatial emissions trajectories in a more timely and accurate manner in rapidly urbanizing cities. Additionally, we found a relatively low degree of spatial match between emissions and economic activities, with the former, which are greatly affected by urbanization, having a larger dynamism and instability than the latter. Such spatial mismatch effect illustrates that policy makers should focus on factors beyond economics in order to reduce residential carbon emissions during China's rapid urbanization process.
Introduction
The urbanization process in China is complex, as it commenced later but is progressing faster than in other countries [1] . The impetus was the economic reform of China, after which the process accelerated and deepened. According to the National Development and Reform Commission [2], China's level of urbanization increased substantially in the 30 years since its reform and opening up. Between 1978 and 2010, the urban population increased from 17.9 to 49.68% of the total population, or from 170 to 665.57 million people, representing an average annual increase of 15.839 million. China's population became 30% urban in 1996 and exceeded 50% urban (51.27%) for the first time in 2011, further increasing to 54.77% by 2014. Northam [3] posited an "S" curve of urbanization, with three stages: slow growth in urbanization when urban population is less than 30%; accelerated development when urban population is 30-70%; and maturation and stability following slowing urbanization at 70%. In terms of this curve, China can be considered to be in the second stage, rapid urbanization, as So IPCC Guidelines provide default emission factors for CO 2 that are applicable to all combustion processes, both stationary and mobile. Such CO 2 emission factors for fuel combustion are relatively insensitive to the combustion process itself but are primarily dependent only on the carbon content of the fuel.
The traditional method is to use macroscopic statistical data on energy consumption and determine emissions with a conversion coefficient [26, 30] . The data required for this method are easily obtainable and have temporal continuity, which facilitates comparisons between different regions or time periods. Although widely used, it is limited by statistical resolution and cannot reflect the heterogeneity within areas undergoing rapid urbanization. Alternatively, some scholars have conducted field research at smaller scale with a large sample size to understand the spatial characteristics and formation mechanisms of residential carbon emissions [31, 32] . Although this approach provides accurate spatial attributes for analysis, substantial inputs are needed to obtain data continuity, which prevents its widespread adoption.
Recently, some researchers have begun to study carbon emissions using new data sources based on monitoring of human activities [33] [34] [35] [36] . Among these, the remote sensing data of the Defense Meteorological Satellite Program Operational Linescan System (DMSP/OLS) portray the spatial patterns of human activities in urban areas live, fast, and continuously, leading to the widespread application of this data [37] [38] [39] . The first global map of CO 2 emissions has a spatial resolution of 1 degree and is developed by combining the lighted area of a city (using imagery of nighttime lights acquired between October 1994 and March 1995) with country-level ancillary statistical information [40] . Oda and Maksyutov [41] create a high resolution global inventory of annual CO 2 emissions for the years 1980-2007 by combining a worldwide point source database with satellite observations of global nighttime lights distribution. Ghosh et al. [35] develop a method of mapping spatially distributed CO 2 emissions from the burning of fossil fuels (excluding electric power utilities) at 30 arc-seconds (approximately 1 km 2 resolution) using regression models of nighttime lights images. More recently, Lu and Liu [42] present a novel method that utilizes spatially distributed information from nighttime lights and human activity index to test the hypothesis that counties with similar carbon dioxide emissions from residential carbon dioxide emissions are more spatially clustered than would be expected by chance. Wang and Liu [43] examine the spatiotemporal variations and determinants of CO 2 emissions using a series of distribution dynamic approaches and panel data models for proposing feasible mitigation policies, the results of which show that while per capital CO 2 emissions were characterized by significant regional inequalities and self-reinforcing agglomeration during the study period, regional disparities decreased and spatial agglomeration gradually increased between 1992 and 2013.
The aim of this study was to examine the spatial match and/or mismatch between carbon emissions and economic activities. This was achieved by constructing a spatial model of carbon emissions based on night-time light, which was applied to understand the spatial pattern of emissions in Zhengzhou City, which is undergoing rapid urbanization. Transport emissions are important in cities emissions. However, we did not include transport emissions for the following reasons: (1) The carbon emissions map produced by night-time lights is an image with resolutions of around 1 km per pixel. Since it is very larger than road night-time lights can't measure the transport emissions; (2) We tried to use other sources (statistical data of Zhengzhou) to estimate transport emissions. However statistical data can only produce very low spatial resolution map. Such huge difference of two spatial resolutions prevented us to include transport emissions in study of spatial mismatch. As a result, this study mainly focused on carbon emissions in residential building areas.
Research Area
Zhengzhou is the capital of Henan Province in central China. Figure 1 shows its location within China and the province. It is also a hub for the country's land transportation, aviation, electrical, and postal services. Despite the low overall urbanization level of Henan Province, Zhengzhou is undergoing rapid and accelerated urbanization because it is the provincial center for politics, economics, culture, finance, and science and technology. Moreover, Zhengzhou is the core city of the nationally-planned Central Plain Metropolitan Region (CPMR). The implementation of this strategy began in 2003, entering Zhengzhou into a new phase of rapid urbanization. From 1994 to 2010, the urbanization level rose from 30.14 to 63.60% [44] . Zhengzhou can thus be considered a typical area undergoing rapid urbanization.
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Urban Residential Area
DMSP/OLS data are generally useful for extracting information of urban residents' activities. However, these contain flaws such as pixel saturation or overflow. MODIS provides time series multi-spectral remote sensing images and is used to calculate the NDVI. Since the NDVI is positively correlated with vegetation density and negatively correlated with residential area, this characteristic can be used to extract information about urban land cover [45, 46] . The terrain of a region can be described using the macroscopic relief degree of land surface (RDLS). Overall, population densities and urban residential areas generally decline with increasing RLDS [47] [48] [49] [50] . Another way to describe terrain is with terrain fluctuation index (TFI), proposed by Xiong et al. [51] , which simultaneously considers the three factors of elevation, slope, and aspect to comprehensively describe spatial fluctuations.
Since DMSP/OLS, NDVI, and TFI are all correlated with urban residential area, but have their respective flaws [52] , these factors were reintegrated to build the residential area index (RAI) using Equation (1) . 
Since DMSP/OLS, NDVI, and TFI are all correlated with urban residential area, but have their respective flaws [52] , these factors were reintegrated to build the residential area index (RAI) using Equation (1) .
where OLS nor is normalized night-time lights; NDVI max is maximum NDVI within one year; and TFI nor is normalized TFI. The equations for calculating OLS nor , NDVI max and TFI nor are stated below.
i Normalization of night-time lights
The normalization process converts DMSP/OLS values to 0-1 and is done using Equation (2).
where OLS indicates a particular pixel value in the images of night-time lights, and OLS min and OLS max represent the minimum and maximum values in those images for the entire research area, respectively.
ii NDVI
The NDVI is obtained by combining the spectral reflectance characteristic of green vegetation with the reflectivity of the near-infrared, infrared, and other bands. The NDVI must be processed because green vegetation undergoes specific seasonal cycles. This is usually done by extracting the maximum NDVI value within a year as shown in Equation (3).
where NDVI 1 , NDVI 2 , . . . , NDVI n refer to the individual frames of NDVI images within one year.
iii Calculation of the TFI
The method for calculating TFI is shown in Equation (4) [51] .
where TFI is the topographic fluctuation index; E and E are the elevation value of any random point in space and its average elevation value within the region where it is located, respectively; S and S are the slope value of any random point in space and its average slope value within the region where it is located, respectively; and ∆A is calculated using Equation (5), in which the differences in aspect between any random point in space and its adjacent eight points are summed, averaged, and then divided by 180 • .
where A is the aspect value of any random point in space, A i is the aspect value of a particular point adjacent to A, and i is 1, 2, 3, ..., 8.
The range of pixel values for the TFI is 0.13-2.00. Larger values indicate steeper topography, which makes the location less conducive for human habitation. The normalized equation for TFI is shown in Equation (6) . where TFI min and TFI max are the minimum and maximum TFI values within the region, respectively. RAI gives mixed pixel results for urban residential area, so the following procedure is used to decompose these mixed pixels. First, residential area densities (RAD) are obtained through visual interpretations of high-resolution remote sensing images from Gaofen-1. The correlation between RAD and the RAI is used to build a regression model. Inversion of the regression model gives RAD for the entire research area. Using statistical data of the built urban area, the threshold method is applied to extract the spatial pattern of the urban residential area [53] . The process of applying the threshold method is: (i) pixels are arranged in descending order by RAI; (ii) the corresponding residential areas are cumulatively added to gradually approximate the value of the urban construction area in the district; (iii) this process is continued until the difference between the cumulative value and the value of the urban construction area reaches the minimum value. Finally, that value is treated as the threshold and is used for extracting the spatial pattern of urban residential area.
Spatial Carbon Emissions
In this study, urban residential carbon emissions (RCE) refer to the emissions produced by residential usage of coal gas, natural gas, liquefied petroleum gas (LPG), household electricity, and central heating. This is calculated using Equation (7).
where C T represents total carbon emissions from the urban residential area; C F represents RCE produced by usage of coal gas, natural gas, and LPG for daily living; C E represents RCE produced by usage of household electricity; and C H represents RCE produced by central heating. The unit of measurement is tonne CO 2 (tCO 2 ). The specific methods are stated below.
i Calculating emissions from usage of coal gas, natural gas, and LPG This is based on energy consumption and the coefficients for calorific value and carbon emissions, and calculated using Equation (8) .
where k refers to the three types of residential energy consumption; E k is the consumption of energy type k (unit: 10 4 m 3 for coal gas and natural gas, and t for LPG); NCV k is the average low calorific value of energy type k (unit: MJ/m 3 for coal gas and natural gas, and MJ/kg for LPG); and A k is the carbon emission coefficient of energy type k (unit: kgCO 2 /MJ).
ii Calculating emissions from usage of household electricity
Emissions from electricity usage can be calculated directly through multiplication of electricity consumption and its carbon emission coefficient, as shown in Equation (9) .
where E e is the household electricity consumption (unit: MWh) and A e is the carbon emission coefficient of electricity (unit: tCO 2 /MWh).
iii Calculating emissions from central heating
The energy consumed by central heating is converted to equivalent standard coal, the carbon emission coefficient of which is then is used to determine final emissions. The calculation is shown in Equation (10) .
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where E h is the residential area for central heating (unit: 10 4 m 2 ); Q c is the coal consumption index per unit residential area for central heating (unit: kg/m 2 ); and Ah is the carbon emission coefficient for standard coal (unit: kgCO 2 /kg). The values used in this study for the parameters described above are summarized in Table 1 . The carbon emissions from an urban residential area can be calculated using Equation (11) .
where C ij is the carbon emissions in Pixel i of District j (unit: tCO 2 ); K j is the amount of CO 2 emitted by urban residents in District j; and RAD ij is the urban residential area density for Pixel i of District j. Equation (12) can be used for obtaining K j :
where C Tj is the total emissions of District j, calculated using Equation (1) (unit: tCO 2 ), and ΣRAD ij is the sum of all urban residential area densities within District j.
The correlation between urban residential area densities and RAI was used to establish a regression model. Using visual interpretation, 400 samples of urban residential area densities were obtained from the Gaofen-1 high-resolution (2 m) remote sensing images. 70% of the samples were selected for building quadratic polynomial model. This model was verified via 2 steps. First, the remaining 30% of the samples were used for accuracy testing based on the model, and second, remote sensing software (ERDAS IMAGINE 9.2) was used to test the Kappa coefficient. The carbon emission coefficient of coal gas was from 2006 IPCC Guidelines for National Greenhouse Gas Inventories, that for both LPG and natural gas were from Study on Urban Greenhouse Gas Inventories, and that for electricity and goal were from China's Regional Grid Baseline Emission Factors 2012.
Identifying Spatial Patterns Using SDE
In spatial mismatch study, standard deviational ellipse (SDE) spatial analysis technique is usually used to reveal the overall spatial distribution characteristics of geographical elements and the spatiotemporal processes of their evolution [54] [55] [56] . Deden Rukmana [57] utilizes SDE as a measure of dispersion of the prior addresses of the homeless around the mean center in two dimensions. It is found that the prior addresses of homeless categories are less tied to neighborhoods of high poverty than those of homeless men and homeless men-dominated categories. The SDE map produced by Sabine Dörry and Olivier Walther [58] shows that large spatio-cultural differences are still prevailing among network actors, thus potentially impacting decisions taken in policy networks.
It uses the average center for the spatial distribution of geographical elements to define the center of the ellipse, and the standard deviations of those elements along the x-and y-axis to define the long and short axes of the ellipse, respectively. By comparing the long and short axes, one can determine whether the distribution of elements has been stretched. The long axis is defined as the main direction in which the elements are distributed and is indicated using the azimuth. Those covered by the SDE characterize the main body region in which the elements are spatially distributed. Its distribution area reflects the density in the distribution of the elements.
Average center:
Azimuth:
Standard deviation along the x-axis:
Standard deviation along the y-axis:
where (x i , y i ) represents the coordinates; w i is the value of the factor; (X w , Y w ) is the weighted average center; θ is the elliptical azimuth, which represents the angle formed by the long axis of the ellipse as it rotates from true north in a clockwise direction; x i and y i are the deviations in coordinate between its location and the average center, respectively; and σ x and σ y are the standard deviations along the x-and y-axis, respectively. To analyze spatial match, the SDE technique was applied to both carbon emissions and to GDP. The data used for GDP was a 1 km grid GDP dataset prepared by the Chinese Academy of Sciences (http://www.geodoi.ac.cn/webcn/doi.aspx?Id=125) after comprehensive analysis of land use patterns arising from human activities and the laws of spatial interactions between those patterns and GDP. This information was used to construct a spatial correlation model between land use types and GDP amounts for the primary, secondary, and tertiary industries. Next, the location theory and spatial statistics were used to comprehensively analyze the spatial characteristics and regional differences in the socioeconomic development of China. The results are expressed quantitatively and partitioned hierarchically. A certain number of representative counties were selected from each sub-zone to act as the sample counties for modeling. The various data items of the sample counties were then used as the bases to establish the GDP spatial distribution model. This model was used to spatialize the GDP statistical data by county, thereby generating the 1 km grid dataset for GDP spatial distribution. Accuracy testing of the spatial GDP data indicated that the relative errors were 6%. Thus, the 1 km grid dataset was used as the standard GDP data for this study.
Results and Discussion

Urban Residential Carbon Emissions
The amount of urban residential emissions by Zhengzhou in 2010 (Table 2 ) reached 7921.93 ktCO 2 , with the metropolis district having contributed 5309.77 ktCO 2 (67.03%). The largest contributors outside the metropolis district were Gongyi District (8.12%), followed by Xinmi District (7.92%). Xingyang District is the smallest contributor, accounting for only 2.85% of the total emissions. The various districts, arranged in descending order by total emissions, are as follows: the metropolis district > Gongyi District > Xinmi District > Xinzheng District > Zhongmu District > Dengfeng District > Xingyang District. Figure 3 shows the RAI, DMSPM/OLS, NDVI, and TFI of Zhengzhou in 2010. The latter three indices were used to calculate the RAI, which is shown in the upper left quadrant. Figure 3 shows the RAI, DMSPM/OLS, NDVI, and TFI of Zhengzhou in 2010. The latter three indices were used to calculate the RAI, which is shown in the upper left quadrant. In Figure 4 , a quadratic polynomial model best fits the data, resulting in coefficients of determination values (R2) of 0.741 and the F-value was 268.688 (p < 0.0001). Such a model indicates that urban residential area density increased as RAI increased. The bounded functional form characteristic from the negative quadratic polynomial model will make urban residential area density attain a finite value and remain at that level without exceeding it as the value of the RAI continues to In Figure 4 , a quadratic polynomial model best fits the data, resulting in coefficients of determination values (R2) of 0.741 and the F-value was 268.688 (p < 0.0001). Such a model indicates that urban residential area density increased as RAI increased. The bounded functional form characteristic from the negative quadratic polynomial model will make urban residential area density attain a finite value and remain at that level without exceeding it as the value of the RAI continues to increase. The result of evaluation is similar to actual circumstance: we found a high linear correlation coefficient (0.756) between the actual and simulated values for residential area densities (p < 0.01). The Kappa coefficient of the model was found to be 0.72. As a result we believe that the accuracy of this model is acceptable and the results are reliable. The ranking in terms of average emission densities for each district was different: instead of the metropolis District, Gongyi District took the top position. At 8.91 ktCO2/km 2 , its average emission was 2.5 times that of the lowest-ranking Dengfeng District and 2.45 times that of Xingyang District. The metropolis District ranked second with an average emission density of 7.96 ktCO2/km 2 . The ranking of the various districts in terms of average emission per unit area are as follows: Gongyi District > the metropolis District > Xinzheng District > Zhongmu District > Xinmi District > Xingyang District > Dengfeng District. Gongyi District also had the highest emissions per square kilometer. At 13.95 ktCO2, it was 1.9 times that for the average of research area (7.23 ktCO2). The lowest was by Dengfeng District: at 2.49 ktCO2, it was only 0.34 times that of the average of research area. (11) and (12), the spatial pattern of carbon emissions from urban residential areas in the rapidly urbanizing Zhengzhou in 2010 was calculated and is shown in Figure 5 . The emissions in the Zhengzhou metropolis district were high, with the amounts from Jinshui, Guancheng Hui, Erqi, Zhongyuan, and Huiji being higher than that of Shangjie. This is because Shangjie is an administrative enclave and segregated from Zhengzhou metropolis's main metropolitan area. Xingyang District is located between Shangjie and the Zhengzhou metropolis district. It serves as the link between the two, resulting in the contiguous spatial pattern that covers the metropolitan area-Xingyang District-Shangjie Sub-district. The ZNA, located in the eastern section of Jinshui sub-district, is urbanizing rapidly. This has caused higher emissions from northeast Zhengzhou. The distribution is contiguous and encroaches into Zhongmu District. The Zhengzhou Airport Economic Zone (ZAEZ), with the Xinzheng International Airport as its focal point, has undergone accelerated urbanization in recent years. The emissions from this zone are substantial and quite far-ranging, as can be seen in Figure 5 . Another location in which emissions started rising recently is Longhu Town, located in the northern section of Xinzheng District. For Xinzheng, Xinmi, Gongyi, and Dengfeng and Zhongmu Districts, the spatial pattern was one of higher amounts in the center, followed by a gradual decline towards the peripheries.
Spatial Carbon Emissions from Urban Residential Area
Based on Equations
Spatial Patterns Identified with SDE
The SDE analyses of spatial patterns of emissions in 2010 based on (i) night-time lights and (ii) traditional statistical data are compared in Figure 6 . The former presented a spatial pattern in a northwest-southeast direction. This was caused by Gongyi District, located in northwest Zhengzhou. Its rapid urbanization in recent years resulted in it being placed first in terms of emission per unit area. Along that direction, Gongyi District is also in linear alignment with Xinmi and Xinzheng Districts, both of which are high emission density. Dengfeng District, which is located in southwest Zhengzhou and whose development is driven by tourism, is the opposite: not only did it have the smallest emission per unit area, its proportion of the amount was also small. The ranking in terms of average emission densities for each district was different: instead of the metropolis District, Gongyi District took the top position. At 8.91 ktCO 2 /km 2 , its average emission was 2.5 times that of the lowest-ranking Dengfeng District and 2.45 times that of Xingyang District. The metropolis District ranked second with an average emission density of 7.96 ktCO 2 /km 2 . The ranking of the various districts in terms of average emission per unit area are as follows: Gongyi District > the metropolis District > Xinzheng District > Zhongmu District > Xinmi District > Xingyang District > Dengfeng District. Gongyi District also had the highest emissions per square kilometer. At 13.95 ktCO 2 , it was 1.9 times that for the average of research area (7.23 ktCO 2 ). The lowest was by Dengfeng District: at 2.49 ktCO 2 , it was only 0.34 times that of the average of research area.
The ZNA, located in the eastern section of Jinshui sub-district, is urbanizing rapidly. This has caused higher emissions from northeast Zhengzhou. The distribution is contiguous and encroaches into Zhongmu District. The Zhengzhou Airport Economic Zone (ZAEZ), with the Xinzheng International Airport as its focal point, has undergone accelerated urbanization in recent years. The emissions from this zone are substantial and quite far-ranging, as can be seen in Figure 5 . Another location in which emissions started rising recently is Longhu Town, located in the northern section of Xinzheng District. For Xinzheng, Xinmi, Gongyi, and Dengfeng and Zhongmu Districts, the spatial pattern was one of higher amounts in the center, followed by a gradual decline towards the peripheries.
The SDE analyses of spatial patterns of emissions in 2010 based on (i) night-time lights and (ii) traditional statistical data are compared in Figure 6 . The former presented a spatial pattern in a northwest-southeast direction. This was caused by Gongyi District, located in northwest Zhengzhou. Its rapid urbanization in recent years resulted in it being placed first in terms of emission per unit area. Along that direction, Gongyi District is also in linear alignment with Xinmi and Xinzheng Districts, both of which are high emission density. Dengfeng District, which is located in southwest Zhengzhou and whose development is driven by tourism, is the opposite: not only did it have the smallest emission per unit area, its proportion of the amount was also small. On the other hand, the SDE analysis of spatial patterns of emissions from traditional statistical data resulted in a pattern with northeast-southwest direction, which is almost the same direction as the shape of Zhengzhou. The SDE distribution area was also much larger. These deviations were caused by dependence on the statistical unit, which has a larger scale. We believe that the SDE analysis was greatly improved by the use of night-timelighting for spatial simulations: the northwestsoutheast alignment of the ellipse presented the actual spatial pattern of emissions and the smaller SDE distribution area better reflects the aggregative tendency of emissions.
The comparison between the SDE analyses of spatial patterns of emissions and 1 km grid GDP dataset of China is shown in Figure 7 .
It can be seen from Figure 7 that the emissions SDE centroid is biased towards the northeast and located within the metropolis district. It is 18.86 km away from the geometric centroid (marked with a "+"), located at the intersection between Xingyang and Xinmi District. This is because emissions were heterogeneous and spatially aggregated at the city districts located in northeast Zhengzhou. The SDE centroids for emissions and GDP do not overlap: the centroid for the latter is located at the intersection between Xingyang District and the metropolis District, with a 9.05 km distance between the two. Thus, there is mismatch in spatial pattern between emissions and GDP.
It can also be seen from Figure 7 that the emissions SDE centroid deviated further from the regional geometric center than GDP SDE centroid, meaning that emissions are more heterogeneous than GDP. For emissions, the direction of the SDE long axis is 108°25′23″, which is in between the east-west and northwest-southeast directions. It is basically consistent with the line connecting Gongyi District and ZAEZ. It is also similar to the GDP SDE direction, whose long axis is in the direction of 102°06′06″. This indicates that even though the spatial pattern of emissions and GDP were not consistent, there was still a correlation between the two. On the other hand, the SDE analysis of spatial patterns of emissions from traditional statistical data resulted in a pattern with northeast-southwest direction, which is almost the same direction as the shape of Zhengzhou. The SDE distribution area was also much larger. These deviations were caused by dependence on the statistical unit, which has a larger scale. We believe that the SDE analysis was greatly improved by the use of night-timelighting for spatial simulations: the northwest-southeast alignment of the ellipse presented the actual spatial pattern of emissions and the smaller SDE distribution area better reflects the aggregative tendency of emissions.
The comparison between the SDE analyses of spatial patterns of emissions and 1 km grid GDP dataset of China is shown in Figure 7 . 
Spatial Patterns Evolution Identified with SDE
The Figure 8 shows, for the SDE of emissions, the length of the long axis, ratio of the short axis to long axis, azimuth; and the centroids It can be seen from Figure 7 that the emissions SDE centroid is biased towards the northeast and located within the metropolis district. It is 18.86 km away from the geometric centroid (marked with a "+"), located at the intersection between Xingyang and Xinmi District. This is because emissions were heterogeneous and spatially aggregated at the city districts located in northeast Zhengzhou. The SDE centroids for emissions and GDP do not overlap: the centroid for the latter is located at the intersection between Xingyang District and the metropolis District, with a 9.05 km distance between the two. Thus, there is mismatch in spatial pattern between emissions and GDP.
It can also be seen from Figure 7 that the emissions SDE centroid deviated further from the regional geometric center than GDP SDE centroid, meaning that emissions are more heterogeneous than GDP. For emissions, the direction of the SDE long axis is 108 • 25 23", which is in between the east-west and northwest-southeast directions. It is basically consistent with the line connecting Gongyi District and ZAEZ. It is also similar to the GDP SDE direction, whose long axis is in the direction of 102 • 06 06". This indicates that even though the spatial pattern of emissions and GDP were not consistent, there was still a correlation between the two. Figure 8 shows, for the SDE of emissions, the length of the long axis, ratio of the short axis to long axis, azimuth; and the centroids of SDE for emissions and GDP. 
The spatial patterns of emissions from 2000 to 2012 were calculated and the results were compared with the 1 km grid GDP dataset for 2000, 2003, 2005 and 2010. Figure 8 shows, for the SDE of emissions, the length of the long axis, ratio of the short axis to long axis, azimuth; and the centroids of SDE for emissions and GDP. From 2010, the ZAEZ's urbanization increased quickly under governmental promotion and contributed significantly to Zhengzhou's urbanization level. It was accompanied by expedited emissions increases, resulting in the significant shift of the SDE centroid northward. These complex changes-from northeastward, to northwestward, southeastward, northwestward, eastward, and finally northward-depicted the basic evolution in characteristics of emissions, which was basically consistent with the urban development and implementation strategies stated in the Urban Master Plan for Zhengzhou City (2008-2020): "to focus on the east (promote and improve the ZNA's development) while taking into account the west; nurture the growth of the south but control that of the north."
The spatial migration trajectories of both emissions and GDP were shifted towards the northeast. However, the SDE centroid for GDP was relatively more stable and its range of movement was smaller. The SDE centroid for emissions was much more active and deviated further away from the Zhengzhou's geometric center. On the whole, the spatial pattern of emissions was more volatile and less stable than that of GDP during the rapid progress of urbanization. With the rise of new urbanization areas such as the ZNA and ZAEZ, the movement of emissions had become more prominent and accentuated.
Conclusions
This study was based on new remote sensing data that portray information on human activities for spatial simulations of emissions during the process of rapid urbanization in China. The results were used to examine the issue of spatial mismatch between emissions arising from urbanization and economic activities. The fundamental conclusions arrived at by the study are as follows:
(1) The traditional method of analyzing spatial carbon emission patterns, based on statistical data, cannot accurately reflect these heterogeneous patterns during rapid urban development. For example, since 1990, the Ministry of Land and Resources has been releasing annual data on urban areas within China's territories. However, the data are only at the level of the country's administrative units and lack detailed spatial information. The new type of remote sensing data based on night-time lights served as the data source for our study, which allowed us to address the issue of heterogeneity to a certain extent. (2) Zhengzhou is undergoing rapid urbanization, which is accompanied by fast expansion of built-up areas and consequently of spatial patterns of emissions. This is especially true for ZNA and ZAEZ, in which urbanization has been faster than scheduled. This makes the acquisition of timely and accurate urban spatial information, for example carbon emissions from urban residential areas, more difficult. It is always necessary to have information on the amount of energy used for both night-time lights method and traditional statistical method. However, the former could reflect the spatial characteristics of emissions which are directly associated to urban density change in a more timely and high spatial resolution manner compared to the latter since the emission intensity at a pixel was scaled by multiplying the normalized density with the total emission of a district. This information is of significant contribution when promoting the development of low-carbon cities and reducing the risks of rapid urbanization. (3) An important issue is why spatial mismatch between emissions and GDP would exist in Zhengzhou of a rapidly urbanizing Chinese city. In addressing this question, it is important to understand that the local government in China runs key sectors of the urbanization process directly and the rest indirectly and thus, inevitably, exercises a decisive role in the development of the urban system [59] . As such urbanization in Zhengzhou features the government-directed migration process of the population organizing in urban areas, which influences the spatial distribution of residential emissions. One of the "side-effects" generated in that process is the lagging of economic activities such as GDP. As a result there is evident mismatch in spatial pattern between emissions and GDP.
In this study, the phenomenon of spatial mismatch between emissions and economic development in Zhengzhou City has been investigated using new remote sensing data. Our findings lead us to believe that, in addition to economics, policy makers should also consider other factors to reduce residential emissions during the rapid urbanization process that China is undergoing: for example, urban scale, design of development zones, and adjustment of functional zones in the city.
